[1] A systematic methodology for the reconstruction of climate fields from sparse observational networks of proxy data, employing the technique of reduced space objective analysis, is applied to the reconstruction of gridded Pacific Ocean Basin sea surface temperature (SST) from coral stable isotope (d 18 O) data for the period . In this approach we seek to reconstruct only the leading modes of large-scale variability which are both observed in the modern climate and resolved in the proxy data. We find that the coral data verifiably resolve two spatial patterns of SST variability. The first and dominant pattern is that of the El Niño -Southern Oscillation (ENSO). A second pattern reflects uniform changes over most of the Pacific Basin. Calibration and verification tests for show that root-mean-square variance is small ( 0.5°C RMS) and reconstruction errors are large ( 0.6°C RMS), limiting interpretation to the tropical region. Periods of enhanced ENSO activity similar to those observed in the past two decades are evident in the reconstruction for the early nineteenth century. The changing frequency of ENSO warm phase events appears to coincide with warming of the Pacific mean state inferred from similar reconstruction efforts using tree ring indicators over the last two centuries.
1. Introduction
Motivation
[2] The motivation for this work is the desire to understand the natural variability of the climate system on timescales from years to centuries and place the somewhat unusual last few decades within a longer-term context. However, our direct (or instrumentally recorded) observations of most climate variables only extend back for about 100 -150 years. In their absence we call upon high-resolution paleoproxy data, that is, observations of parameters which vary in a way we understand with the climate variable of interest, to study preinstrumental and preindustrial climates.
[3] Now, suppose we think of the climate system as consisting of only a handful of patterns superimposed upon one another, which together describe some sizable fraction of the large-scale, low-frequency variability [Wallace, 1996a [Wallace, , 1996b . Some examples of such patterns in today's climate are the influences of the El Niño -Southern Oscillation (ENSO) phenomenon [Philander, 1990] , near-global temperature trends [Hansen and Lebedeff, 1988; Cane et al., 1997] , Pacific and Atlantic Basin centered decadal phenomena such as the Pacific Decadal Oscillation [Zhang et al., 1997] and the North Atlantic Oscillation [Hurrell, 1995] , and interannually varying Antarctic circumpolar waves [White and Peterson, 1996] . If the patterns are indeed few, important, and large scale, then we might be able to monitor them using only a handful of well-located direct observations [Bretherton and McWilliams, 1980; Bennett, 1990; Jones et al., 1997; Evans et al., 1998 ]. We may even be able to reconstruct past climatic variability using an observational antenna composed of proxy data.
[4] Our methodological basis for climate field reconstructions follows from recently developed reduced space objective analysis procedures for the analysis of historical climate fields [Cane et al., 1996; Kaplan et al., 1997 Kaplan et al., , 1998 Evans et al., 2001; Kaplan et al., 2000] . In this approach we seek to reconstruct only the leading modes of large-scale variability (space reduction) which are both observed in the modern climate and resolved in the proxy data, given uncertainties [Evans et al., 2001] .
[5] At all stages we emphasize the following. 1. The proxy data are permitted to provide climatic information in regions far removed from the sampling site (globality).
2. The proxy data are employed within the context of their observational errors, which are determined via calibration studies (objectivity).
3. All statistical estimates made during analysis are filtered to bring out the most robustly resolved features (space reduction). The relationship of the proxy data to climate variability is treated similarly.
[6] Given explicit assumptions, the analysis produces fields and error estimates. The results may be subsequently checked for consistency with parameter choices and procedural assumptions by comparison with direct and proxy observations not used in the reconstruction procedure and with results from benchmark experiments.
[7] Here we attempt reconstruction of the Pacific Basin sea surface temperature (SST) field using the coral stable isotope (d 18 O) data set studied by [Evans et al., 2000] . We begin by giving an overview of the methodology (section 2), which is developed in detail elsewhere [Evans et al., 2001] . The SST field reconstruction builds on previous work [Evans et al., 2000] which sought to determine which, if any, large-scale patterns of SST variability are resolved by the coral data (section 3.3). We conclude by comparing the results with SST reconstructions based on tree ring-derived indicators from the Pacific coasts of North and South America [Evans et al., 2001] and comment on the behavior of the ENSO system inferred from these results.
Methodology
[8] Our objective is to obtain the linear least squares fit to available observations and a model of the large-scale modes of spatial field variation. The procedure is schematically diagrammed in Figure 1 and described briefly below. More details are given by Evans et al. [2001] .
Target Climate Field
[9] Missing observations, changes in measurement protocols and quality, and other factors introduce uncertainty in all geophysical data sets. Hence we begin with analysis of the historical observations of the climate field we seek to reconstruct to emphasize the largest-scale features which are likely to have the smallest relative errors. This is conveniently performed using empirical orthogonal function (EOF) analysis, which decomposes the spatial covariance of the climate field T(x, t) into a set of orthogonal vectors and their corresponding variances:
where boldface variables indicate vectors or matrices, quantities within angle braces are time-averaged, and in all equations hereafter, superscript T denotes the matrix or vector transpose. Here E is a matrix whose columns are a small number of the eigenvectors of C, and Ã is a square matrix whose diagonal elements are the eigenvalues corresponding to E. We then assume a reduced space form for the reconstruction solution:
where T is the matrix whose rows are time series of climatic observations, with each row corresponding to a location, and A(t) is the low-dimensional vector of amplitudes with which the modes E contribute to the climate field T. The long-term mean of T is zero. E, A, and T are estimated from the modern observations and provide the basis for calibration of the proxy data.
Calibration
[10] We next choose a set of paleoproxy observations suitable for the reconstruction of the target climate field and calibrate the proxy data over some contemporaneous time interval. Note that by calibrating the proxy data in terms of the large-scale patterns identified in the modern climate observations, we permit the proxies to describe nonlocal as well as local climate variability. For instance, a proxy climate data set including observations from the eastern equatorial Pacific will likely permit calibration of (at least) the large-scale ENSO climate pattern. We write
The measurement operator H represents a linear relationship between the climate field and proxy observations. If H is known, (3) sets up a Gauss-Markov observational scheme for estimation of A(t) from the matrix of proxy observations D [Gandin, 1965; Mardia et al., 1979; Rao, 1973] . Note that there are important assumptions and caveats in this approach; see sections 2.3.1 and 2.3.2for discussion. We use the proxy data and modern climate observations to estimate H over a calibration interval, using the singular value decomposition (SVD) [Bretherton et al., 1992; Fritts et al., 1971; Cook et al., 1994] to regress the proxies on only the leading patterns in the modern observations. The error variance in the model (equation (3)) is estimated from the covariance matrix of the proxy-climate calibration discrepancy:
Analysis
[11] We now seek the field T(x, t) which is the best fit to the calibrated proxy observations and to the set of leading patterns we observe in the modern climate, given uncertainty. We construct a cost function:
where S evaluated at each time t is a unitless scalar quantity. Here A is the vector of temporal amplitudes we seek to reconstruct from the proxy data. The first term of (5) represents the misfit of the reconstruction to the calibrated observations and is weighted by the calibration error. The second term represents the misfit to the Mmodern climatology and is weighted by the covariance of the modern climate signal. At each time t the analysis is punished (S ! large) for either putting too much stock in observations with large error or in patterns which explain little of the variance in the modern climate. If the proxy observations and statistical climate model errors are unbiased and if the prior covariances C, R, and Ã are good estimates of the true covariances, then minimization of (5) produces the optimal least squares reduced space estimate of A :
The error covariance in the estimate is which is a weighted average of the error in the calibrated observations and the error in our model of the modern climate. When the observations are relatively accurate (R is small) or sufficiently numerous (the patterns in H are well resolved), the analysis error (7) is low, and the analysis puts variance into the solution T. When the observations are poor (R is large) or absent (H is ill resolved), the analysis error becomes large, and the resolved variance approaches climatology or the trivial solution T = 0. Similarly, if the relationship between proxy data and direct observations has little skill, the calibration error covariance R will be large, the number of calibrated patterns contained in H will be small, the analysis error P will be large, and the analysis estimate A will be small. In all cases the paleoclimate estimate A is constructed in such a way to be consistent with the prior estimates of uncertainty and with the changing availability of proxy data over time.
2.3.1. Assumptions.
[12] At this stage we summarize the assumptions of the methodology.
1. The analysis of modern climate variability produces unbiased estimates of E, A, Ã, and T. All errors are random.
2. E, which is based on modern observations, describes the patterns of climatic variability recorded in the paleoproxy data. Linear combinations of the columns of E may be used to describe the fields observed via the proxy data.
3. Errors in the modern observations are small relative to those in the proxy data.
4. The relation between climatic patterns and the proxy data is linear about the mean value; in other words, proxy observations are unbiased estimates of the targeted climate variable to be reconstructed or else are linearly related to a parameter which covaries with the target climate field [Evans et al., 2000] .
5. The estimate of this calibration relationship H and the covariance of the model residual R, which are developed over a specified calibration interval, are unbiased, correct, and constant.
6. There is no age model error in the annually averaged proxy data.
2.3.2. Caveats.
[13] Shortcomings of the approach are described below.
1. Space reduction (EOF filtering) emphasizes common features expressed across target climate field and the proxy data set, which we expect to be climatic in origin. It discounts both climatic and proxy variability, which explains little common variance, and is most likely to be dominated by observational errors. However, since the historical observations and the proxy data are not spatially and temporally complete, estimates of EOFs and principal components may be affected by selection bias [Lawley, 1956; Schneider, 2001] . . Sampling sites for the 13 coral data sets examined in this study. Contours give the RMS SST anomaly from the Kaplan et al. [1998] analysis (contour interval is 0.1°C). Site names are abbreviated as in Table 1 . The reconstruction domain will be the region 110°E-70°W.
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2. In practice, the small number of available proxy data sets limits the number of patterns which may be calibrated. Hence it is likely that past climate variability, as represented by the proxy observations, is not spanned by the calibrated patterns.
3. We assume that all errors in historical observations and in the proxy data are random. This is most certainly not the case. For instance, changes in observational methods and in the distribution of observations over time in historical observations are typical in many types of climatic variables [e.g., see Parker et al., 1994; Hansen and Lebedeff, 1988] . Proxy data often have analogous error sources as well as uncertainty in the interpretation of the proxy measurement and in age model development. See below for a discussion of the problem of age model error in the proxy data.
4. Proxy observations are not always unbiased or linear estimates of climate variables.
5. The number of patterns calibrated (rank of H) involves a somewhat subjective choice by the investigator. In principle, this can give rise to overcalibration. The influence of potential overcalibration problems may be examined using verification tests such as those described in section 2.4. See section 4 for an argument that given the features of the methodology presented here, this introduced subjectivity has minimal influence on the results.
6. We assume that there are no errors in the assignment of time to proxy records, but this cannot be true since time is never measured directly, only inferred, in such records. Random or systematic age model errors in individual coral data sets must introduce errors in the reconstructions. In the approach described here they do so implicitly by degrading the calibration estimate with random error or bias, increasing the calibration uncertainty, and offsetting timing of reconstructed events, resulting in degraded reconstructions.
Verification
[14] The final stage of the procedure is testing of the analysis results for consistency with prior estimates, assumptions, and independent observations. We may test the results by comparison of the proxy-reconstructed climate estimates with (1) historical climate observations not used in calibration of the proxy data, (2) proxy observations not employed in the reconstruction, (3) reconstructed climate based on synthetic proxy data (these synthetic data may be historical climate observations chosen to mimic the expected qualities of the real proxy data or red noise time series with the autocovariance statistics of the real proxy data), and (4) other proxy-based reconstructions of past climates produced from independent data sets. Once the strengths and weaknesses of the reconstruction are clearly known, we may proceed to the study of the reconstructed climate variability.
Pacific SST Field Reconstructions from Coral
As an example of the methodology described in section 2, we reconstruct the Pacific Basin sea surface temperature field, using 13 d
18 O time series derived from reef corals collected from 12 tropical Pacific, Indian Ocean, and Red Sea sites (Table 1) . These same data were systematically compared with analyzed instrumental SSTs by Evans et al. [2000] . We choose Pacific SSTs as a target climate field for its importance to global atmospheric circulation and climate anomalies [Glantz et al., 1990] .
[16] Our description of historical SST variability is based on the analysis of ] of the MOHSST5 [Parker et al., 1994] product of the U.K. Meteorological Office. MOHSST5 is a 5°Â 5°monthly compilation of historical (1856 -1991) shipbased observations of SST, quality-controlled for obvious outliers and corrected for estimated observational biases. The analysis of this observational data set employs the newly developed technique of the reduced space optimal smoother to objectively extract large-scale variations of SST on a near-global grid (40°S -60°N) from incomplete spatial and temporal observations. The smallscale features of SST variability, totaling 0.3 -0.4°C in average amplitude and not constrained by modern high quality observations, are filtered out in this approach. Kaplan et al. [1997 Kaplan et al. [ , 1998 ]discuss the approach in detail, providing error estimates, numerous verification exercises, and tests of the robustness, strengths, and limitations of the analyzed fields. For our purposes we will seek reconstruction of annual (April to March) mean SST, as this definition is a ''natural'' climate year for tropical phenomena expected to be resolved in the coral data [Ropelewski and Halpert, 1987] . Hereafter we will refer to these annually averaged anomalies as KaSSTa. While we believe this product is a good description of historical interannual and longer-term, large-scale SST variability, no existing historical analysis of global SST fields is free of problems owing to severe data ] with the time series of the two calibrated patterns over the calibration period, 1923 -1990 . Contour interval is 0.2. (b) Same as in Figure 3a , except for reconstructed spatial pattern 2; contour interval is 0.1.
deficiencies [Hurrell and Trenberth, 1999] . Specific problems and prospects of the analysis techniques used here are discussed by Kaplan et al. [2002] .
Proxy Data
[17] Many high-resolution paleoclimatic studies have exploited coral d
18
O measurements to construct decades-to centuries-long records of tropical near-surface conditions. The oxygen isotopic composition of coralline aragonite is an approximately linear function of the SST in which the coral secretes its aragonite, the local net freshwater flux, and a disequilibrium offset from sea water d
18 O. In a previous paper [Evans et al., 2000] we argued that such data could be used together to study large-scale patterns of SST variability, through resolution of the covariant local SST or local sea water d 18 O signal recorded by the corals. Here we employ the same 13 coral data set studied in our previous work. These records are listed in Table 1 , and their locations are shown in Figure 2 . Table 1 ; position of label shows approximate start time of individual coral time series.
Reported resolution of the records vary from monthly (TAR, KIR, MAH, and SEC) to seasonal (MAD, CAL, and PUN) to annual (AQ18, AQ19, CEB, URV, and ESP) to biennial (ABR). We calculate anomalies relative to the seasonal cycle (if any is resolved) in the data and average each record to annual (April -March mean) resolution.
Calibration
[18] We calibrate the coral d 18 O data using KaSSTa. To provide for testing of the results, the potential full calibration period (1856 -1990) was split into two halves of equal length (1923 -1990 and 1856 -1922) . The coral d
18 O-based reconstruction was made using the calibration interval 1923 -1990 . The complementary period (1856 -1922 was reserved for verification (section 2.4). Hereafter we refer to the coral-based SST reconstruction as CoSSTa. Results of the calibration were consistent with Evans et al. [2000] , who argued that two patterns could be verifiably resolved from the thirteen coral time series.
Analysis
[19] Reconstruction was performed for the interval 1607 -1990, over which at least one coral time series was available. The spatial patterns which were reconstructed are shown in Figure 3 as the correlation of the SST field with the time series of the two calibrated patterns over the calibration period, 1923 -1990 . The time series of the reconstructed patterns together with the number of coral time series available for analysis are shown in Figure 4 . Consistent with the results of Evans et al. [2000] , the two patterns look like the oceanographic signature of the ENSO phenomenon ( Figure 3a) and a basin-wide positive trend, in which portions of the eastern equatorial and North Pacific show the opposite sense (negative) trend (Figure 3b) .
[20] To check our initial assumptions (section 2.3.1), we show four field statistics comparing CoSSTa to KaSSTa (Figures 5 -9 ). Correlation between CoSSTa and KaSSTa shows where the calibrated patterns have skill, regardless of signal amplitude (Figures  5a -9a) . The root-mean-square difference between CoSSTa and KaSSTa gives the mean actual error in the reconstructed fields (Figures 5b -9b) . Figures 5c -9c shows the RMS variance of CoSSTa; this map may be compared to Figure 2 to assess the extent to which the analysis resolves variance in the target climate field. Figures 5d -9d gives the estimated error in CoSSTa, calculated from the error covariance matrix P (equation (7)) as diag (EPE T ). This map may be compared to the RMS difference described above (Figures 5b -9b ) to determine consistency of the reconstruction's estimated error estimate. These statistics may be 
(°C). (c) Mean amplitude of CoSSTa (°C). (d) Estimated error in CoSSTa (°C).
compared between calibration and verification periods to determine whether there is artificially calibrated skill, and to explore the extent to which prior assumptions are violated.
[21] Calibration (1923 -1990 ) statistics for the CoSSTa are shown in Figure 5 . The correlation map (Figure 5a) shows that the reconstruction calibrates variance in the central and eastern equatorial Pacific as well as in the north and south subtropical gyres. RMS error between CoSSTa and KaSSTa is also largest in the central and eastern equatorial Pacific. This is because of the significant error in the calibration. Since the errors are large, the reconstructed variance is small, and there are large errors even where skill is high. This is illustrated by Figure 5c , which shows that the amplitude of reconstructed SST variability in the central and eastern equatorial Pacific is about the magnitude of the error in this region. Figure 5d shows the estimated error in the reconstruction; since these results are computed for the calibration period, it matches by design the actual error in the reconstruction over this period, with small differences due to the changes in data availability over this period. (Figure 6c ). Skill is significant not only at the coral locations but in broad regions of the eastern equatorial Pacific as well and, to a lesser extent, in the subtropical gyres. An experiment with switched calibration and verification periods gives similar results (not shown). Use of one or three patterns (instead of two) for reconstruction shows slightly poorer verification skill. Because the analysis is punished for putting too much weight into patterns which do not contribute much to modern climate variability, overcalibration problems are minimized. These results suggest that our assumptions (section 2.3.1) on the stability of the calibration, number of patterns calibrated, and estimation of prior covariances, although violated in practice, are not fatal to the results, given the caveats discussed.
[23] These results also illustrate the globality of the methodology employed here (section 2): corals remote from these locales and even those from outside of the Pacific Basin (e.g., MAH, ABR, AQ19, CEB, MAD, ESP, and CAL) make significant contribution to the reconstruction skill, as judged by the correlation between individual coral records and time series of the calibrated patterns [Evans et al., 2000, Table 3 ]. However, with the reduction in data availability over time (Figure 4c ) the variance resolved decreases, and the error in the analysis increases. On the basis of these results, we believe that the reconstruction is interpretable back to $1800 and is most skillful in the NINO3.4 index region (170°-120°W, 5°N-5°S).
[24] Results also suggest that age model errors in individual coral records may not have much influence on the reconstruction results. Suspected problems with the age model of the Urvina Bay record of Dunbar et al. [1994] are not a large component of the reconstruction error: with the Urvina Bay record removed from the experiment, verification correlation with historical SST (as in Figure 6 ) changes by less than a tenth of a correlation unit in the most skillfully resolved regions (results not shown). The methodology employed here ((4) - (7)) ensures that the influence of any individual record is weighted by its observational uncertainty and that no one proxy record inordinately dominates the solution. More comprehensive experiments such as this may lead to improved observational error estimates for individual corals. They also highlight the importance of record replication to reduce overall proxy and reconstruction errors [Evans et al., 1998 ].
[25] The reconstruction of the NINO3.4 index presented here is an improvement on that obtained via linear regression of the NINO3.4 SST index on the same 13 coral time series (Table 2) . Calibration correlations retrieved by the two approaches are about equal; however, correlation with the NINO3.4 index of shows that our reconstructed NINO3.4 index is more robust in the verification period. Verification period error rises only a small amount from the calibration period error, while the multiple linear regression error rises substantially. These results illustrate that limiting the reconstruction to what may be verified (space reduction) and incorporating calibration error into the reconstruction methodology (objectivity) improves the quality of the outcome.
3.5.2. Comparisons with reconstructions based on synthetic data.
[26] We perform two additional experiments to assess the quality of the results. The first is reconstruction of the SST field using KaSSTa time series from the coral locations. This ''benchmark'' experiment is intended to illustrate reconstruction from the best possible data. A second experiment (''noise'') employs red noise time series with autocovariance statistics like those of the coral data and is intended to illustrate the influence of data containing no climatic information aside from persistence.
[27] The verification (1856 -1922) results for these experiments are shown in Figures 7 and 8 , respectively. Compared to CoSSTa, the benchmark reconstruction (Figure 7 ) has higher skill, smaller estimated error, and greater resolved variance. This is not surprising given the multivariate dependencies of d 18 O and the higher uncertainties of individual d ( Figure 8 ) that the skill, resolved variance, and error in CoSSTa are better than that expected if the proxy data contained no climatic information whatsoever. These results suggest that additional proxy time series from important regions like the central and eastern equatorial Pacific will improve CoSSTa by resolving the reconstructed patterns with less error [Evans et al., 1998 ].
Comparison with other ENSO reconstructions.
[28] A further and desirable verification is that our reconstruction agrees with similar attempts using different methodologies and proxy data sets. Two examples are the wintertime Southern Oscillation Index (SOI, difference between standardized sea level pressure anomalies at Tahiti and Darwin) reconstructed from tree ring data by Stahle et al. [1998] and the annual NINO3 SST index (SST anomaly averaged over 150°-90°W, 5°N-5°S) reconstructed from a variety of proxy data by Mann et al.[1998] . Rigorous intercomparison efforts are hindered by differences in the reconstructed variable, reconstructed season or year definition, selected calibration interval, and the overlap between proxy data sets employed. Nevertheless, given that the methods applied in these studies are all forms of multiple linear regression and use annual or higher-resolution proxy observations and that the reconstructed quantities (NINO3.4, NINO3, and SOI) are strongly covariant in the modern observations, it is a useful exercise to compare the results.
[29] Twentieth century correlations between all ENSO paleoestimates and instrumental indices are significant at or above the 95% level (Table 3, top) . A stricter test is intercomparison of reconstructions over the nineteenth century (Table 3, bottom) . Notably, two of the three proxy-proxy correlations remain significant, but this is not surprising because of common proxy data input. For example, 7 of the 14 time series employed by Stahle et al. [1998] are used by Mann et al. [1998] , and 4 of 5 -10 coral d
18 O records employed in the present study ( Figure 4) were also used in the study of Mann et al. [1998] . Only the Stahle et al. [1998] study and the present work are based on independent sets of proxy observations; correlation between these proxy ENSO reconstructions weakens from -0.61 in the twentieth century to -0.09 in the nineteenth century. While it should be noted that the agreement between these two paleoreconstructions improves through the nineteenth century, as number of corals available for analysis increases, this is discouragingly consistent with the results of Schmutz et al. [2000] regarding proxy North Atlantic Oscillation reconstructions. Disagreement is probably due to the small number of proxy observations available for the most important ENSOinfluenced regions and proxy data age model error. Additional sites and more replication of data series will be required for better observational error estimates and improved reconstructions. Further improvements may also stem from systematic proxy- instrumental and proxy-proxy intercomparison efforts as well as detailed study of the processes controlling proxy responses to climate variation.
Discussion

Reconstruction Features
[30] The CoSSTa reconstruction presented here is based on at most 13 corals, which together resolve at most two patterns of SST variability. The ENSO pattern of SST variability is resolved much more robustly than the second pattern; this is to be expected given that tropical sampling sites from the Pacific and Indian Oceans are expected to resolve ENSO [Evans et al., 1998] . It is also consistent with the results of many of the coral researchers referenced here who find that their individual data series index ENSO quite reliably on interannual timescales. Correlation of the first pattern reconstructed here with the NINO3.4 SST index (SST anomaly average for the region 170°W -120°E, 5°N-5°S) from Kaplan et al. [1998] is 0.71 for the calibration (1923 -1990 ) period and 0.62 for the verification (1856 -1922 ), significant at the 99% level assuming 45 degrees of freedom [Trenberth, 1984] . The trend pattern reconstructed has a very small amplitude (Figures 3 and 4) , much smaller than that found in many individual coral records. This is consistent with our finding [Evans et al., 2000] that individual coral d
18 O time series often have decadal and secular variability but that much of this variance does not linearly reflect SST variability or SST covariant variability in net freshwater flux. By analyzing the coral data as a set we can isolate the climatically induced fraction.
Comparison With Results Based on Tree Ring Data
[31] Results from CoSSTa may be compared to those obtained by Evans et al. [2001] , which attempted reconstruction of the same target climate field using 15 tree ring indicators from Pacific influenced regions of North and South America. The tree ring indicators were selected by Villalba et al. [2001] because they sense local precipitation and temperature anomalies which are in turn associated with Pacific Basin SST variability. In this work we found that the tree ring indicators could be used to reconstruct one pattern of SST variability. On the basis of data availability and error estimates we believe this reconstruction, here termed TrSSTa, is interpretable for the interval 1600 -1990 ( Figure 9 ). This pattern is spatially ENSO-like Evans et al., 2001] but is not as equatorially trapped as ENSO is. Also, unlike the ENSO pattern, its dominant frequency of variability is broadly decadal to interdecadal.
[32] Caveats that should be considered here are that both proxy data sets are small, the number of resolved patterns is small, and the errors in the reconstructions are quite large. Nevertheless, it appears that these two independent sources of proxy data resolve SST variability which is roughly separable in the frequency domain ( Figure 10 ). It may be possible to reconstruct all three patterns with skill from the combined data sets if the observational error for the different proxies (equation (4)) can be accurately determined. However, we also note that both proxy reconstructions contain much more variance at low frequencies than do historical observations. Furthermore, the two proxy reconstructions suggest differing levels of interdecadal variability. Multiproxy reconstructions, in which the type of proxy data employed changes over time, may reflect spurious frequency evolution due to skill partitioning in the frequency domain. Reconstruction experiments in which subsets of proxy data are sequentially removed from the analysis may indicate whether this problem is significant.
Low-Frequency Behavior of ENSO in the Preindustrial Era
[33] Since CoSSTa has verifiable skill only in certain parts of the reconstruction domain (Figure 6 ), we form an area-average index for time series analysis from a region where skill is high. As suggested by Figure 6 we examine characteristics of the NINO3.4 SST index formed from CoSSTa. The uncertainty in CoSSTa is such that it precludes sophisticated quantitative analyses. Nevertheless, the results suggest that ENSO was more frequent after 1980, lower in the 1940 -1975 epoch, and again more frequent [1998]; E-NINO3.4, this study; K-NINO3, Kaplan et al. [1998] ; S-SOI, Stahle et al. [1998] ; K-SOI, Können et al.[1998] .
b Correlations are significant at or above the 95% confidence level (considering effects of serial autocorrelation in the time series [Trenberth, 1984] ). 
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around the beginning of the 1900s. This is consistent with previous work by Trenberth and Shea [1987] and confirmed later by coral paleoclimate studies [Cole et al., 1993; Urban et al., 2000] . CoSSTa NINO3.4 further suggests that the 1820 -1860 period was also a period of relatively vigorous ENSO activity, while the 1860 -1880 period was relatively quiescent (Figure 11 ), the very strong event of 1877 excepted. Comparison with Pacific decadal SST variability inferred independently from TrSSTa suggests that ENSO warm phase frequency is associated with periods of warm Pacific mean state, consistent with the hypothesis put forward by Gershunov and Barnett [1998] and Urban et al. [2000] . As these observations extend at least into the preindustrial period, attribution of the unusually ENSO-rich past few decades may lie in part with natural variability.
Conclusions
[34] We have applied a methodology to verifiably reconstruct past climate variability from proxy data to the problem of SST field reconstruction using the available network of coral d 18 O data. Two patterns are reconstructed: ENSO and a trend in which regions of the North Pacific and eastern equatorial Pacific respond in the opposite sense. The reconstruction has large errors but is probably qualitatively interpretable back into the early nineteenth century. A similar attempt to reconstruct Pacific SST using an independent set of tree ring indicators suggests that these different types of proxy data may provide reconstruction skill roughly separable in the frequency domain. Comparison of the results of these two reconstructions of Pacific Basin SST suggests that the frequency of ENSO is tied to the mean state of the Pacific, that said frequency fluctuates on interdecadal time scales, and that this association extends into the preindustrial era. If these observations are correct, they will be borne out and strengthened by the incorporation of additional paleoproxy data into the analysis.
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